Finger vein recognition is a promising biometric recognition technology, which verifies identities via the vein patterns in the fingers. Binary pattern based methods were thoroughly studied in order to cope with the difficulties of extracting the blood vessel network. However, current binary pattern based finger vein matching methods treat every bit of feature codes derived from different image of various individuals as equally important and assign the same weight value to them. In this paper, we propose a finger vein recognition method based on personalized weight maps (PWMs). The different bits have different weight values according to their stabilities in a certain number of training samples from an individual. Firstly we present the concept of PWM, and then propose the finger vein recognition framework, which mainly consists of preprocessing, feature extraction, and matching. Finally, we design extensive experiments to evaluate the effectiveness of our proposal. Experimental results show that PWM achieves not only better performance, but also high robustness and reliability. In addition, PWM can be used as a general framework for binary pattern based recognition.
Introduction
Biometric recognition refers to the use of distinctive physiological and behavioral characteristics (e.g., fingerprints, face, hand geometry, iris, gait, signature), called biometric identifiers or simply OPEN ACCESS biometrics, for automatically recognizing a person [1, 2] . Since it is difficult to misplace, forge or sharedifferent binary code sequences of the same length. The similarity between two vein images is equivalent to the similarity between two corresponding binary code sequences.
Current binary pattern based finger vein matching methods treat every bit of feature binary codes derived from different images of various individuals as equally important and assign the same weight value to them. Taking the LBP feature as an example, generally speaking, there are many samples captured from the same finger and LBP binary codes (abbreviated in LBPCodes) extracted from these samples, respectively. Considering each bit with same location of these LBPCode series, we find some of them are stable, i.e., the bit values are all 1's or 0's. On the contrary, some other bits are unstable, where some LBPCode series take the value of 1's, and the others a value of 0's. Furthermore, the stable bits of one finger vein are different from the others in terms of location and bit value. Motivated by these phenomena, in our previous work [27] , a personalized best bit map (PBBM) method was proposed, in which only the most stable bits called the 'best bits' are used for recognition. However, in the PBBM method, the 'unstable bits' are all discarded without being used. Can these 'unstable bits' contribute some useful information, and how to make the most of these bits? These questions remind us to reconsider the binary pattern methods. We claim that the bits with different degrees of stability should have different contributions to the final matching result. Inspired by [28, 29] , in this paper, we propose a new finger vein recognition method based on a personalized weight map (PWM). Extensive experiments show that PWM can significantly improve recognition performance as well as robustness.
The rest of this paper is organized as follows: Section 2 presents the principles of binary patternbased finger vein recognition. Section 3 introduces the definition of the PWM. Section 4 describes the framework of finger vein recognition based on a PWM. Section 5 reports the experimental results to verify the proposed method. Finally, Section 6 concludes this paper.
Binary Pattern Based Finger Vein Recognition
Binary pattern based finger vein recognition methods aim to solve the low quality images matching problem. Firstly, the captured finger vein images are preprocessed, mainly by ROI extraction, image enhancement, and size normalization. Then certain binary patterns such as LBP, LLBP, or LDP etc. are applied to extract features (called binary codes) from the preprocessed images. Finally, the similarity between the extracted and enrolled binary codes is measured by Hamming distance.
Binary Codes by LBP Operator
Local binary pattern (LBP) is a popular technique used for image representation and classification. LBP has been widely applied in various applications due to its high discriminative power and tolerance to illumination changes such as texture analysis and object recognition. In [30, 31] a LBP operator as a nonparametric 3 × 3 kernel for texture classification was proposed. In [26] a LBP-based finger vein recognition method was proposed. A LBP can be defined as an ordered set of binary values determined by comparing the gray values of a center pixel and its neighboring pixels. In other words, first we compare the gray values of the center pixel and its neighboring pixels in a 3 × 3 kernel. If the gray value of a neighboring pixel is bigger than it of the center pixel, a 1 will be given to the corresponding bit in binary code, otherwise, 0 will be given. Then we order these binary codes from random bits clockwise or anticlockwise. We give an example in Figure 1 . The binary values can be expressed in decimal form as shown in Equation (1) [26] :
where i c and i n in Equation (1) denote the gray value of the center pixel (x c ,y c ) and its eight neighboring pixels, respectively. The function s(x) is defined as [30] : 
Binary Codes by LLBP Operator
Motivated by LBP, Petpon and Srisuk [32] proposed an LLBP operator for face recognition. The LLBP algorithm first obtains the line binary code along with horizontal and vertical direction separately and its magnitude, which characterizes the change in image intensity such as edges and corners, is then computed. It can be mathematically expressed as in Equation (3)-(5): 1 11 , 11 ( , ) ( 
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where LLBP h , LLBP v , LLBP m are LLBP on horizontal direction, vertical direction, and its magnitude respectively, N is the length of the line in pixel, c = (N/2) is the position of the center pixel h c on the horizontal line and v c on the vertical line, h n is the pixel along with the horizontal line and v n is the pixel along with the vertical line, and s function is same as in LBP (2) . The illustration of LLBP operator is shown in Figure 2 . Employing (2) and (3), the horizontal component of LLBP (LLBP h ) extracts a binary code of N-1 bits for each pixel. The same numbers of bits are extracted by the vertical component of LLBP (LLBP v ) using (2) and (4). Consequently, by concatenating the binary codes from LLBP h and LLBP v , the total binary code of LLBP for each pixel is 2(N-1) bits. 
Matching for Binary Codes
Denoting the binary feature of enrolled image by BinaryCodeA and the binary feature of input image by BinaryCodeB, the Hamming Distance (HD) is generally adopted to measure dissimilarities between the two binary patterns, which are represented as follows:
In Equation (6),  is a Boolean exclusive-OR operator between two binary patterns.
Personalized Weight Map
If many samples are captured from a specific finger, we can get the corresponding BinaryCodes by extracting binary features from each sample. As previously mentioned, the values of the bits in the same location of BinaryCodes have different traits. The values of some bits are consistent, either 1's or 0's; the values of some bits have a majority of 1's or 0's; the values of some bits interlace 1's and 0's. Figure 3 gives an example of BinaryCodes of six samples from a certain individual. Apparently, bit 0, bit 2, bit 3, bit 5, bit 6 are very stable, the values of bit 1 are mostly 1's, the values of bit 7 are mainly 0's, and bit4 has interlaced 1's and 0's values.
These investigations provide a valuable clue to improve finger vein recognition performance: the stable bits should play a more important role in matching than the unstable bits, and the stability of a certain bit should be measured to use as a weight for matching. Suppose there are k training finger vein images in a finger vein class, and their binary codes are denoted by code 1 . . . code k , we make k × k times of intraclass matching using these k codes and obtain the average matching result by Equation (7):
where P is a vector with the same length as the binary codes, and ⊙ means logical NOT of ⊕in Boolean operations. For the ith bit, p i represents the probability of the matching result being 1. Every p i is of different value and bigger p i indicates that bit i is more stable. Suppose there are k binary codes in the same class, and the value of a certain bit i is 1's for m 1 by Equation (7). It is obvious that p i is always between 0.5 and 1. For convenience, we normalize it to [0, 1] by Equation (8) . 21 WP  (8) where W (W = {w 1 ; . . . ; w n }) is called the "weight map". Because the weight map is different from individual to individual, we call the weight map for each individual the Personalized Weight Map (PWM). With PWM, our improvement to the traditional Hamming distance is that a "weight map" W A of the registered finger vein class A, which is denoted by an n-dimensional vector {w 1 ; w 2 ; . . .; w n } T , is introduced to the matching function as follows:
If Similarity AB is bigger more than a given threshold, the two finger vein images are considered from the same individual.
The Proposed Method
Based on the mentioned PWM definition, we propose a finger vein recognition method which mainly involves two stages: a training stage and a recognition stage. The training stage aims to generate the PWM for each individual, which includes preprocessing, feature extraction and finally generating the PWM using certain number of training samples. In the recognition stage, we first preprocess the test sample, and then extract the corresponding binary code, and next compute the similarity of binary codes between this test sample and the template of a certain individual in the enrolled database, finally obtain a recognition result with a given threshold. The framework of the proposed method is demonstrated in Figure 4 . 
Preprocessing
Like in reference [27] , the preprocessing operation mainly refers to ROI extraction, size normalization and gray normalization. Figure 5 shows the results in each step. 
Feature Extraction
The feature extraction process mainly involves how to extract the binary code of a certain finger vein image by a given binary pattern operator such as LBP, LLBP or LDP, etc. It should be pointed out that the PWM method can be regarded as a general framework, and then we call a certain binary pattern such as LBP the base feature of the PWM.
Training Process
Since each individual has his/her own PWM, so we need to train the corresponding PWM for each individual, and apparently a certain number of training samples from each individual is needed. First we get the corresponding BinaryCodes by extracting binary features from each training sample of one individual. Then the PWM for this individual will be computed by Equations (7) and (8) . With different numbers of training samples, the corresponding PWMs are different too. Although the number of training samples is the same, the corresponding PWM is also different for different individuals. Considering the above situation, the main objective of the training process is to generate the optimal PWM for each individual. Several factors should be explored such as: (1) how many samples are suitable to train the PWM? (2) The robustness of the training method. Given the condition that the number of training samples is fixed, if the samples are different, can the recognition performance be kept stable? (3) With an increasing number of training samples, can the recognition performance also be boosted?
Recognition Process
In the recognition stage, we first extract the corresponding binary code of the test sample, and then compute the similarity of this test sample and the enrolled sample of a certain individual. The recognition process can work in two modes: verification mode and identification mode. In the verification mode, the class of the input finger vein (test sample) is known, and each of the samples is matched with all the other samples in the database. A successful matching is called intra-class matching or genuine, if the two samples are from the same class. Otherwise, the unsuccessful matching is called interclass matching or imposter. In the identification mode, we do not know the class of the input finger vein images. The samples of each class in the enrolled database can be classified into two categories: templates and probes. The probes were matched with all the template models, and for each probe, the matching results were ordered according to the matching scores.
Experimental Results and Analysis

The Experimental Database
The experiments were conducted on our new finger vein database which is collected from 34 individuals, including 20 males and 14 females; they are students, professors and staff in our school. The age of the participants is between 19 and 48 years. We collected the images in two separate sessions separated by 20 days. In each session, the subject was asked to provide 10 images for each of the left index finger, the left middle finger, the right index finger and the right middle finger. The capture device was manufactured by the Joint Lab for Intelligent Computing and Intelligent System of Wuhan University, China. The capture device mainly consists of a near-infrared light source, lens, light filter, and image capture equipment. Vein patterns can be viewed through an image sensor which is sensitive to near-infrared light, because near-infrared light passes through human body tissues and is blocked by pigments such as hemoglobin or melanin. A groove in the shell of the device is used to guide the finger orientation, and the capture device is illustrated in Figure 6 . 
The Experimental Settings
The original spatial resolution of the finger vein image is 320 × 240, After ROI extraction and size normalization, the size of the region used for feature extraction is reduced to 96 × 64. We set the parameter N of LLBP as 21 in our experiment. In order to verify the proposed method comprehensively, we design four experiments: (a) in Experiment 1, we take LBP as base feature to generate the PWM, and evaluate performance of the proposed method in verification mode and identification mode respectively. (b) Experiment 2 reports the recognition result of the PWM, which takes LLBP as base feature. (c) Experiment 3 is conducted to compare the performances of the PWM and the PBBM method which was proposed in our previous work [27] . (d) Experiment 4 discusses the computation time of the PWM method.
Experiment 1-Comparison between LBP and PWM
Verification Mode
In the experiments, we use the first ten samples of each class in the database to generate the PWM and use the other ten as testing samples. In order to avoid class imbalances, we use all the ten testing vein images in intra-class matching meanwhile the first two of the ten testing vein images in interclass matching. Consequently, there are 6,120 (136 × 45) intra-class matching and 73,440 (136 × 135 × 4) interclass matches in total. In this paper, we evaluate the recognition performance by the equal error rate (EER), the false rejection rate (FRR) at 0.1% false acceptance rate (FAR) and the FAR at 0.1% FRR, respectively. The EER is mainly used to measure the overall performance of biometric systems because the FRR and FAR are treated equally. On the other hand, the FRR at 0.1%-FAR is suited for high security systems, as in those systems, false acceptance errors are much more critical than false rejection errors. On the contrary, the FAR at 0.1%-FRR shows the acceptance rate of impostors when no genuine rejections are desired.
We compare the proposed method with the LBP based method described in [26] . Genuine and imposter matching score distributions of these two methods are shown in Figures 7 and 8 , respectively. From Figure 7 , we can see that the genuine and imposter matching scores by LBP are overlapped between 0.6 and 0.7. Otherwise, the genuine matching scores by PWM are mainly between 0.75 and 0.95, and the imposter matching scores are mainly between 0.40 and 0.75. The ROC (receiver operating characteristic) curves are shown in Figure 9 . Table 1 lists the ERR, FRR at 0.1%-FAR and FAR at 0.1%-FRR values. From Figure 9 and Table 1 , we can see that the proposed method achieves a much lower EER than the LBP-based method. This indicates that the stability of a certain bit contributes to the final matching with a different degree. Traditional binary pattern-based finger vein matching methods treat every bit of feature binary codes derived from different image of various individuals as equally important and assign the same weight value to them. Such a uniform matching strategy definitely is not optimal in terms of finger vein recognition accuracy because it ignores significant differences of finger vein texture patterns among individuals and variations of image structures from the same individual. To verify the robustness of the PWM trained by samples acquired in different sessions, we randomly select ten samples of each class in the database to generate PWM and used the other ten as test samples. We repeat this process ten times, and the statistical data of the verification performance (EER) is shown in Table 2 . From Table 2 , we can see that the PWM is robust for training and testing samples acquired from different sessions and always has better performance than traditional LBP based method. 
Identification Mode
The experiments of identification are also reported. We use the first ten samples of each class in the database to generate the PWM and randomly select one from the other ten samples as template; the rest nine samples are taken as probes. Therefore, there are 136 templates, and 1,224 (136 × 9) probes in total. For each probe, there is a corresponding gallery of the same person, the gallery is sorted by decreasing similarity for each probe, and the probe is said to be correctly recognized at rank k if the gallery of the same person is among the first k images in the sorted gallery. Then, we can get the cumulative match curves as shown in Figure 10 . The cumulative matching performance, rank-one recognition rate, and lowest rank of perfect recognition (i.e., the lowest rank when the recognition rate reaches 100%) are listed in Table 3 . From the experimental results, we can see that the performance of the proposed method is much better than that of the LBP-based method. According to the PWM definition, the proposed method needs a certain number of samples to generate the PWM for each individual. This experiment is conducted to show the effect on recognition performance when using different number of training samples to generate a PWM. For the sake of justice, we measure the performance by fixing the number of testing samples and adjusting the number of training samples to generate the corresponding PWMs. We set the last six as testing samples of each class in the established database, so that the number of training samples is between 2 and 14 (here we neglect the number of training samples is equal to 1, due to its meaninglessness ). The ROC curves of PWMs trained by different number of samples are shown in Figure 11 , The ERR, FRR at-0.1%-FAR and FAR at 0.1%-FRR values are listed in Table 4 . From Figure 11 and Table 4 , we can see that better performance is achieved with an increasing number of training samples; it also indicates that we can only use a small number of training samples of each class to generate a competitive PWM. For example, capturing the ten samples for each finger is not a very tedious task.
We also conduct experiments on the identification mode. Table 5 and Figure 12 show the experimental results. Apparently, when the number of training samples reaches 11, the rank-one recognition rate can achieve 100%, it means that all the probes can be identified correctly. 
Experiment 2-Comparison between LLBP and PWM
With an identical experimental setting in Experiment 1 such as training number and experimental steps, this experiment reports the recognition result by using LLBP as base feature to generate the PWM. The verification results are reported in Table 6 , and the ROC curves are illustrated in Figure 13 . From Table 6 , we can see that the PWMs have better performance than the traditional LLBPs method. Figure 13 . ROC curves by different methods.
The identification results are shown in Table 7 , and the cumulative match curves are illustrated in Figure 14 . From the experimental results, we can see that the performance of the proposed method is also much better than that of the LLBP-based methods in identification mode. In addition, PWM-LLBP has overall better performance than PWM-LLBP h and PWM-LLBP v due to its combination of vertical and horizontal direction information at same time. 
Experiment 3-Comparison between PBBM and PWM
According to the definition of PBBM and PWM, only the 'best bits' are used for matching in the PBBM method, whereas in the PWM method all the bits which contribute different weight values are used for matching. The difference between the PWM and PBBM can be described as follows: (1) In essence, the PBBM is a template; the binary code of a test sample matches with the PBBM directly. In addition, one class has only one template; it is difficult to conduct multi-template matching strategy. The PWM is just a weight map; it combines with two binary codes for matching. (2) The PWM has more generality, and the PBBM can be taken as a special case of the PWM. If the best bits of PBBM are very few, the recognition result may be not credible. The PWM utilizes not only the best bits (stable bits) but also other unstable bits, and assigns to these bits different weight values according to their stability. This experiment is conducted to compare the recognition performance of PBBM and PWM when using different number of training samples. Using the same experimental setting of the experiment described in section 5.3.3, the last six samples of each class in the established database are fixed as the testing samples, and the number of training samples is changing from 2 to 14. The ERR values of PBBM and PWM are listed in Table 8 . The contrast of ROC curves between PBBM and PWM trained by different samples are shown in Figure 15 (in Figure 15 , ts is an acronym of training samples). From Table 8 we can see that as increasing the training samples from 3 to 14, the EER values of PWM are always lower than those of PBBM, and the superiority of PWM is more pronounced when the training samples is up to 10. It indicates that the 'unstable bits' which are discarded by the PBBM method can contribute to the final matching.
Experiment 4-Measurement of Time Complexity
All the above experiments are implemented in MATLAB, and run on a PC with a 2.4 GHz CPU and 2 G Memory. Average computation times for key operations in our system are listed in Table 9 . Similar to the above experimental setting, we use 10 training samples to evaluate the PWM training time which includes the time interval from input of training images to getting the PWM. The matching time interval is from the input of two images to getting the final matching result. Although the average training time is somewhat time-consuming, the training process can be done off-line. In a word, from Table 9 , we can see that the proposed method can be used in real time. 
Discussion
According to the definition of PWM, given the fixed number of training samples, the possible weight value of a bit in the PWM is also decided. For example, if the number of training samples is 8, then the possible weight values of a certain bit are 0.00, 0.0625, 0.25, 0.5625, or 1.00 respectively. If the number of training samples is only 2, then the possible weight values of a certain bit are 0.00, or 1.00. Apparently we can conclude that the more number of training samples, the better of recognition performance. This fact also was verified in Experiment 1.
There is another open finger vein image database from Hong Kong Polytechnic University [33] , which consists of 3,132 finger vein images taken from 156 volunteers over an average interval of 66.8 days. Among these 156 volunteers, only 105 subjects turned up for the imaging during the second session, other subjects contribute six images in the first session. Like in the analysis above, it's a limitation of the performance advantage of the PWM method with fewer training images, but in order to further assess the performance of the proposed method, we also conduct a simple experiment on this database. In this part, we use the first four samples of each class in the database to generate the PWM and the last two as testing samples. The verification results are reported in Table 10 and the ROC curves are illustrated in Figure 16 . We get the region of interesting (ROI) images via the method proposed in [34] and extract features such as LBP and LLBP directly, without performing further image enhancement, so the EERS gained in this database are all higher than that in our database. From Table 10 , we can see that the PWM-method has better performance than the Base-method, and we ascertain that a much better performance will gained as increasing the training samples. Figure 16 . ROC curves by different methods.
Conclusions
This paper presents a novel finger vein recognition method based on the concept of a personalized weight map. The experimental results show the superior performance of our method in comparison with other traditional binary pattern based methods. The advantages of PWM can be summarized as follows: (1) PWM can effectively reduce the adverse effect of unstable bits. Through the training process, different bits are assigned different weight values which are used for final matching. The stable bit has a higher weight value and vice versa. (2) PWM must be trained for every individual respectively, so PWMs are different from individual to individual, thus PWMs can be regarded as a kind of personalized feature that reflects the differences between each individuals remarkably. (3) PWM is highly robust and reliable; this has been verified in the aforementioned experiments. (4) PWM can be used as a general framework for binary pattern based recognition. Besides LBP and LLBP, we can use other binary code to generate the corresponding PWM, and this will be the subject of our future work. At last, we expect that the PWM will display better adaptability to finger vein images with low quality. 
